Motivation: Microbial genomes undergo evolutionary processes such as gene family expansion and contraction, variable rates and patterns of sequence substitution and lateral genetic transfer. Simulation tools are essential for both the generation of data under different evolutionary models and the validation of analytical methods on such data. However, meaningful investigation of phenomena such as lateral genetic transfer requires the simultaneous consideration of many underlying evolutionary processes. Results: We have developed EvolSimulator, a software package that combines non-stationary sequence and gene family evolution together with models of lateral genetic transfer, within a customizable birth-death model of speciation and extinction. Here, we examine simulated data sets generated with EvolSimulator using existing statistical techniques from the evolutionary literature, showing in detail each component of the simulation strategy. Availability: Source code, manual and other information are freely available at www.bioinformatics.org.au/evolsim Contact:
INTRODUCTION
Sequenced genomes provide large sets of predicted genes and proteins, allowing the development and testing of genome-level evolutionary hypotheses. Such tests have been used to assess the effect of genome G þ C content on protein composition (Echols et al., 2002; Singer and Hickey, 2000) , modes of sequence evolution under different regimes such as parasitism and symbiosis (Itoh et al., 2002; Rispe et al., 2004) , and the extent of codon usage bias (Merkl, 2003; Sharp et al., 2005) . Genes that deviate significantly from the global compositional pattern of a genome may be evidence of other evolutionary phenomena such as lateral genetic transfer (LGT) Ochman, 1997, 1998; Nakamura et al., 2004; Wang et al., 2001) . Like the mutational and substitutional processes described above, the evolutionary phenomena that have been discovered and elucidated in genome-scale analyses need to be examined in detail with simulation studies. These studies are vital both for assessment of the robustness and sensitivity of analytical techniques, and to generate test data sets that can be compared to equivalent empirical data.
LGT is a particularly interesting case, as there are many hypotheses about the extent and biases of LGT events (Lawrence and Hendrickson, 2003) . Inference of LGT is confounded by several evolutionary effects: sequence saturation, cryptic paralogy, non-stationary sequence substitution and amelioration of acquired genes to reflect the mutational biases of the recipient genome (Beiko et al., 2005; Jordan et al., 2001; Kunin and Ouzounis, 2003; Lawrence and Ochman, 1997; Ragan, 2001; Stiller and Hall, 1999) .
Empirical analyses make use of data that were generated through actual evolutionary processes, but in most cases, empirical conclusions cannot be validated since the true history of the sequences under consideration is not known. Evolutionary simulations allow the investigation of evolutionary processes and hypotheses where the real history of sequences is known, but the value of simulations is constrained by limitations in our understanding and implementation of evolutionary processes. A simple example would be the use of a grossly oversimplified substitution model to compare the accuracy of different phylogenetic methods: any conclusions derived from simulations of a simple Poisson substitution process with no among-site rate variation (for instance) would not be applicable to many real sequence data sets (Sullivan and Swofford, 1997; Yang et al., 1994) . To model the evolution of genes in different lineages, a genome simulation package should include non-stationary evolutionary models that perpetuate a drift in mutational biases across lineages through evolutionary time. Existing sequence simulation packages offer good conceptual starting points: packages such as evolver from PAML (Yang, 1997) and Seq-Gen (Rambaut and Grassly, 1997) offer multiple substitution models and among-site rate variation. Recent simulation packages that incorporate the important idea of non-equilibrium substitution rates include HETERO (Jermiin et al., 2003) and covTree (Blouin et al., 2005) . These models must then be combined with models of organismal speciation and extinction to simulate the vertical inheritance of sets of genes. Bi-De (Rambaut et al., 1996) offers birth and death models for lineages, with subsequent simulation of sequence evolution along the generated lineages. Gene family expansion and contraction has been assessed with parsimony (Kunin and Ouzounis, 2003) and with birth, death and innovation models (BDIM) (Karev et al., 2002 (Karev et al., , 2004 , but there has been no explicit linkage with sequence substitution and possible losses of selective pressure due to gene duplication. Little has been done to date in the simulation of LGT events: part of the reason for this is that LGT simply yields a modified tree topology when evolutionary models are static. The amelioration of transferred genes can furthermore occur only when the donor and recipient genomes have different substitution regimes.
We have developed EvolSimulator, a new program which performs the essential integration of gene-, protein-and genomescale evolutionary processes that occur in prokaryotes, with user-configurable parameters to regulate each component of the simulation. EvolSimulator simultaneously creates lineages, gene families and sequence substitutions according to probabilistic models whose parameters are allowed to 'drift' through evolutionary time. An important principle in the design of EvolSimulator is the partitioning of summary models (such as substitution matrices and rates of gene duplication) into component forces that can act specifically on the evolutionary units of residues, genes and genomes. An example of this (presented in more detail below) is the decoupling of traditional substitution models into genome-specific mutational biases and substitution probabilities (Yampolsky and Stoltzfus, 2005) that are controlled at the genome, gene and residue level. Data generated under these decoupled processes can then be summarized and compared to similar observations from empirical data. Several different functional and evolutionary hypotheses pertaining to LGT are implemented as optional models in EvolSimulator:
LGT can be forbidden, or can be permitted as a consequence of one or more of these models. If non-stationary evolutionary models are used, then transferred genes may be gradually ameliorated following their uptake by the recipient genome. EvolSimulator has already been used to generate null models for a detailed study of LGT in the cyanobacteria (Zhaxybayeva et al., 2006) ; below we give further examples of questions that can be addressed using this software.
SYSTEM AND METHODS
The following subsections describe the features available in EvolSimulator in principle and relative to existing theoretical and empirical models: further details about the implementation of all evolutionary parameters can be found in the EvolSimulator manual. Validation techniques and results can be found in Section 3. We finish with a brief conclusion in Section 4.
The global simulation level and creation of the cenancestor
A single cenancestral genome is first constructed by specifying the number of genes for each of one or more compositional classes of proteins. These are constructed by sampling from user-specified amino acid frequency tables and then deriving a cognate nucleotide sequence by selecting appropriate codons for the amino acid sequence. Several gene-and protein-level characteristics are assigned from probability distributions, including a serially correlated degree of resistance to residue substitution along its sequence (rates across sites). Instead of sampling the evolutionary rate of each site at random from a frequency distribution such as a continuous gamma, e.g. Yang (1993) with mean and variance parameters, the evolutionary rate at each amino acid site is set equal to the rate at the previous site, adjusted proportionally by a value between zero and a user-specified maximum amount. This approach allows rate variation across sites, with contiguous regions of a protein potentially showing conservation patterns similar to protein domains, and addresses the same principles as the models described by Yang (1995) and Felsenstein and Churchill (1996) . Two pseudo-random number generators are employed within EvolSimulator. The first controls genome-level events such as speciation and mutational biases, while the second directs the simulation's other stochastic events. One can therefore reproduce every detail of a previous simulation if desired, or reproduce a given phylogenetic history of genomes with consistent mutational characteristics in separate runs, while changing the parameters of, e.g. amino acid substitution. Evolutionary forces of different magnitudes can therefore be applied to a set of genomes with the same history of speciation, extinction and shifting mutational biases, allowing direct comparisons across runs.
Genome evolution and ecology
In our model, the total number of evolving genomes is kept reasonably constant over evolutionary time after an initial speciation phase, with one extinction event compensating each speciation event on average. Extinct lineages may easily outnumber extant ones in such a model; this is important when LGT occurs, because then-contemporary donor lineages can subsequently go extinct. Birth-and-death processes (Kendall, 1948) are frequently used to model speciation and extinction events; the basic principle in EvolSimulator is the same, though many parameters can modify the underlying probability that a given lineage will speciate or go extinct. We simulate balanced speciation and extinction in a fashion similar to the 'epidemic' process described in Raup et al. (1973) and implemented in Bi-De (Rambaut et al., 1996) , with speciation and extinction probabilities that are nominally equal. However, in EvolSimulator there is a user-specified upper boundary on species richness, which if reached will preclude further speciation events unless the population is lowered by one or more extinctions. As in e.g. Gould et al. (1977) , there is also a 'soft' lower boundary on the number of extant species: the population can drop below this level through extinction, but the extinction rate is consequently decreased by half to reflect reduced competition in a species-poor scenario.
Genomes modeled by EvolSimulator are assigned to niches and habitats, and can occupy more than one habitat during the course of their evolution. The number of habitats, niches and niche spaces are specified by the user. If a single niche with sufficient spaces is specified, then all genomes will evolve in this context, removing any effect of niche specificity from the simulation. Conversely, the user can specify a highly heterogeneous environment, where a large number of niches and habitats (relative to the number of genomes) each contain a small number of spaces. The assignment of genomes to niches within habitats is restricted by available space and the presence of essential genes for that niche, which confer properties (in an abstract sense) that are necessary for survival of the organism. Genes are also assigned varying degrees of usefulness within each niche, each habitat and globally. The usefulness of a gene in the genome's current environment will affect its tendency to resist chance deletion. The sum of the usefulness of all genes, again in the context of the current niche, can furthermore direct speciation and extinction probabilities, if desired, as well as the amount of time typically spent in any given niche.
In EvolSimulator, there is an underlying neutral model in which no particular genome size or strategy is preferred, but this can be modified to favor genomes that are small or large, or to prefer genomes that adopt specialized or generalized lifestyles. Generalists and specialists are known to be favored in different types of environment (Futuyma and Moreno, 1988; Kassen, 2002) , so the interaction between niche heterogeneity (implemented as described in the previous paragraph) and genome lifestyle can be examined in this context. One can imagine a number of additional types of selective pressure on genomes that could be implemented, such as selection for different compositional properties in different habitats (Cambillau and Claverie, 2000; Hickey and Singer, 2004) . Karev et al. (2002) developed a BDIM to describe changes in gene content over time. In EvolSimulator, changes in the number of genes are achieved via processes that are compatible with this model: gene duplications (births), gene losses (deaths) and the introduction of genes from other genomes via LGT (one component of 'innovation'). While the models developed in Karev et al. (2002) and (2003) are intended to model the gross behavior of all gene families, we assign specific probabilities of duplication (¼ duplicability) and loss (¼ usefulness) to each gene. The evolutionary properties of a paralog and the parent that spawned it are modified in recognition of possible redundancies or functional enhancements provided by the duplication, but either descendant gene may be sufficient in its own right to satisfy a habitat-or niche-specific requirement. This reflects the tendency of retained paralogs to specialize or gain new functions (Zhang, 2003) , but can also recreate phenomena such as differential gene loss (Doolittle and Handy, 1998) .
Gene content
One or more LGT events may be proposed in each iteration of the simulation. A gene is randomly drawn from one of the genomes for potential introduction of a copy into a second genome. If the ortholog of an incoming gene is already present in the target, it may be replaced, otherwise the transfer represents an insertion. If such a gene gain provides a selective advantage, it may increase the probability of loss of less-important genes in the genome (Lawrence and Roth, 1999) .
LGT events can be allowed to succeed automatically, or they can be evaluated under one or more of a set of criteria. More closely related genomes are generally more likely to participate in successful LGT events, due to factors such as low levels of sequence divergence, compatibility of DNA transfer mechanisms, and compatibility of transcriptional regulation and DNA replication mechanisms (Gogarten et al., 2002; Gogarten and Townsend, 2005; Hendrickson and Lawrence, 2006; Jain et al., 2003) . In EvolSimulator, three specific criteria can be used in addition to, or in place of, genome divergence time: genome G þ C similarity, gene content similarity or niche compatibility. It is also possible to disable all of the relatedness criteria, leading to a 'random' model of LGT in which the success of transfer is independent of any similarity between the participating genomes. The frequency at which LGT events are attempted corresponds to a Poisson distribution with a mean value specified by the user: this is similar to the technique used in Addario-Berry et al. (2003) to simulate
LGT, but we distinguish between attempted LGT events and successful ones according to the criteria listed above. An attempted event can be thought of as the acquisition of foreign DNA by a recipient cell, whereas the criteria for success reflect barriers to recombination of the foreign DNA into the genome and spread of the acquired gene through the population of recipient cells. More-sophisticated criteria concerning recombination and functional interactions between genes (see e.g. Jain et al., 1999 and Milkman and Bridges, 1990) could be developed to model recombination in future versions of EvolSimulator.
Mutation and substitution
Prokaryotic genomes show a wide variation in residue content, due to mutational biases and environmental influences (Bentley and Parkhill, 2004; Foerstner et al., 2005) . The rate of substitution also varies across microbial genomes, with obligate intracellular organisms such as Blochmannia floridanus representing extreme cases of accelerated rates alongside biased substitution regimes (Itoh et al., 2002; Moran, 1996) .
The proposal of mutations in EvolSimulator is based on genome-wide mutational biases rather than an explicit four-by-four nucleotide substitution model such as GTR (Tavare´, 1986) , but the combination of mutation parameters allows the simulation of reversible and nonreversible mutation models. Successful mutation depends upon the global mutation rate within a genome, and is quantitatively biased in favor of transitions or transversions, purines or pyrimidines, and towards strongly (G þ C) or weakly (A þ T) bonding residues. The parameters affecting mutation can drift over time, leading to mutational biases that differ between lineages.
Acceptance of a mutation event also requires that any resulting amino acid change be permitted by selection. Every site in a protein has a 'current' as well as a 'reference' residue: while proteins can be highly tolerant of sequence change (Sinha and Nussinov, 2001) , the set of reference residues is meant to represent the global fitness optimum of the current protein. While the reference and current residue for a given site are identical when a protein sequence is first created, substitutions can change the current residue without changing the reference, and it is the reference residue that is used to judge proposed substitutions. Suppressors and other types of mutation can be advantageous rather than neutral or deleterious, triggering the redefinition of a site's reference residue, thereby providing a new vantage point from which subsequent substitutions are evaluated.
Each protein has its own overall selective pressure between 0.0 and 1.0, which can be increased or decreased by the autocorrelated ratesacross-sites substitution model described in Section 2.1. The selective pressure s and site-specific rate r are combined as follows to yield an overall propensity toward amino acid substitution :
where q is a normalizing constant equal to s if r50.5, and 1 À s if r40.5. If r ¼ 0.5, the value of q is irrelevant. The exponent p governs the effect of r on : when p ¼ 1.0, the change in is linear with respect to r for 0 r50.5, and 0.55r 1.0. Values of p51.0 diminish the influence of r; the default setting of p in EvolSimulator is currently 0.5. This setting will tend to concentrate values in the vicinity of the original s, with only extreme site-specific rates causing dramatic changes in the overall propensity. This function can consequently recreate L-shaped distributions (similar to a values 51.0) if s is very close to 0.0 or 1.0 (since one tail of the distribution is near the extreme value), and bell-shaped distributions for intermediate values of s.
While amino acids share structural and chemical properties that influence substitutions, an amino acid that is present at two different sites within a protein may play two entirely different roles (e.g. participation in an a-helix versus a loop region, in real proteins), and consequently selection will act differently on one residue versus the other. We model this by using two 20 Â 20 amino acid substitution matrices to assign residue specificity to specific substitution events. A global, user-specified amino acid matrix (M) is applied universally, but is modified at each site by a specific auxiliary matrix. A site's auxiliary matrix (A), chosen at random from among many when the protein is first created (in the cenancestor, or as the result of a gene duplication), modifies the global matrix idiosyncratically, extending or restricting the range of specific substitutions in compensation for the necessarily simplifying assumptions of a global substitution model. Together, the two matrices are intended to represent residue-specific selection due to protein functional and structural constraints. The default matrix in EvolSimulator is a reversible version of the EX matrix (Yampolsky and Stoltzfus, 2005) , because this model is a pure representation of amino acid exchangeability, without reference to codon distances or mutational probabilities. An exchange from amino acid i to amino acid j is accepted if the following 'resistance' calculation is less than a number sampled randomly from the uniform distribution in the range [0.0, 1.0]:
A simulation test bed for hypotheses of genome evolution
VALIDATION
We carried out a series of simulations using EvolSimulator, both to illustrate the range of scenarios that can be modeled, and to illustrate the way in which EvolSimulator results can be examined in light of existing evolutionary theory. In describing the simulations below, we highlight only those parameters of greatest relevance to the simulation, but complete parameter sets (as defined in the EvolSimulator configuration file) are readily available upon request.
Genomic lineages: speciation and extinction
There are many parameters that can be extracted from phylogenetic trees that represent different evolutionary processes (Mooers and Heard, 1997) . Pybus and Harvey (2000) presented the gamma statistic as a tool for testing the equivalence of birth and death rates, while the tree balance statistic of Colless (Colless, 1995; Heard, 1992) expresses the tendency of some lineages to speciate more frequently than others. We generated genomic histories under six combinations of speciation/extinction rate and simulation length. In each case, the hard maximum and soft minimum population sizes were set to 100. Example organismal histories are shown in Supplementary Figure 1a -f, while tree statistics, calculated from the relationships among extant taxa, are summarized in Supplementary Table 1. The tree statistics obtained indicate that balanced tree topologies are produced by EvolSimulator: values of Colless' imbalance statistic range between 0.051 and 0.333, with shorter runs and fewer taxa tending to produce greater imbalance in trees. None of the computed gamma values was sufficiently large to reject the null hypothesis of equal speciation and extinction rates, with the minimum threshold of significance at p ¼ 0.05 equal to À1.65. Shorter runs with lower speciation/ extinction rates yield gamma values that are much closer to this threshold. Since these runs often did not reach 100 individuals, the speciation rate would have been much higher than the effective extinction rate, leading to a greater imbalance in these two quantities when evaluated with the gamma statistic. In fact, if the soft minimum on population size is large relative to the speciation/extinction rate and the number of iterations in the simulation, then a regime much closer to a pure-birth model (Yule, 1924) will be achieved. High speciation and extinction rates are reflected by a relatively large number of late-emerging external branches, as illustrated by low ratios of external to internal branch lengths, and low proportions of surviving taxa relative to the total number that have existed in the simulation.
Gene content evolution: duplications, losses and lateral genetic transfer
To illustrate the evolution of gene content, we first simulated gene gains and gene losses in the absence of LGT. The random number generators were seeded identically in every run, with the maximal rate of change of genome size (sizeAdjFactor) the only parameter changed between runs. The initial duplicability and global, habitat and niche usefulness values of each gene were both assigned random values between 0.0 and 1.0, with no drift over the course of simulation, though new paralogs were assigned random duplicability values. A genome was chosen at random from the set of extant genomes after 1000 iterations, and the size distribution of paralogous gene families within this genome compared across runs (Supplementary Figure 2) . When genome size was not allowed to change in the simulation, there was no opportunity for duplication, so each family only had one member, each corresponding to a gene that was present in the cenancestral genome. An extremely high rate of genome size change (up to 100 genes per iteration) produced paralogous families with up to 26 members, but also led to the loss of 72% of the initial ancestral genome, with 0 as the mode of the family size distribution. Intermediate values of genome size drift (1 or 10 genes per iteration) led to tighter distributions of paralogous family sizes, with maximum family sizes of 9 and 11, respectively. We also examined the correlation between the size of paralogous gene families across the entire set of 98 genomes, and the initial values of duplicability, essentiality and global, habitat and niche usefulness. Regressions of gene family size versus these factors yielded p-values 52.2 Â 10 À16 , with all of the above listed factors making significant contributions (p52.2 Â 10 À16 ) to the model as well. In contrast, selective pressure, which is also sampled initially from a uniform random distribution but affects purifying selection rather than gene abundance, showed no relationship for any of the three tested values of sizeAdjFactor40. R-squared values were highest for lower values of sizeAdjFactor, with R 2 ¼ 0.77, 0.71 and 0.54 for sizeAdjFactor ¼ 1, 10 and 100, respectively. The unexplained component of variation in gene family size is largely due to the stochastic nature of the simulation, and the assignment of new duplicability and usefulness values to new paralogs.
An important goal of EvolSimulator is to explore the interaction between LGT and niche occupancy. A brief example of this was constructed by performing three simulations with identical parameter values for speciation and duplication probabilities (10%/generation), maximum population size (50), genome size range (400-600 genes), maximum rate of change (5 genes/10 generations) and rate of attempted LGT (500 events/iteration). Five habitats were simulated, with a small number of genes ($5) necessary for survival in each. A genome living in habitat A would therefore be able to lose genes that were necessary for survival in any or all of habitats B, C, D and E, and in the absence of LGT would forever lose the potential to migrate to any of B-E. The only difference among the three simulations was the choice of criterion for LGT acceptance: in one simulation events were never successful (no LGT), in another they were always successful (the 'random LGT' criterion), while in the third, acceptance was proportional to the number of iterations since divergence of the donor and recipient genomes. We examined the hypothesis that LGT facilitates habitat switching by examining the habitat history of each extant genome after 1000 iterations. A simple criterion of habitat specificity was used, which we defined as the sum of squares of the proportion of the simulation spent in each habitat. A genome that remained in the one habitat for all 1000 iterations would have a habitat specificity of ((1.0) suggest that increasing LGT does facilitate niche switching, with median habitat specificity lowest when rates of LGT acceptance are high (no LGT, 0.93; divergence-based LGT, 0.87; random LGT, 0.68).
Sequence substitution: mutational pressures
We tested the mutational parameters of EvolSimulator described in Section 2.4 by simulating the evolution of nucleotide sequences under evolutionary processes that are independent and identically distributed (i.i.d.), reversible, stationary and homogeneous (see e.g. Lio and Goldman, 1998) : except for the identical distribution of processes across residues, these conditions are assumed by most currently used phylogenetic methods, with a few notable exceptions (e.g. LogDet: Lockhart et al., 1994) . Ignoring the start codon, the initial distribution of nucleotides is determined by the starting amino acid frequencies. For instance, if the starting frequency of tryptophan (W) is 1.0 and all other amino acids 0.0, then the starting frequencies of A, C, G and T would be 0, 0, 2/3 and 1/3 respectively, reflecting the exclusive usage of the codon TGG. In the absence of selection at the amino acid level, the initial frequencies would be expected to converge on the mutational biases of the genome, with a small bias induced by avoidance of the stop codons TAA, TAG and TGA. The expected stationary frequencies of A, C, G and T in the absence of bias are $0.240, 0.262, 0.251 and 0.246 respectively, and the stationary G þ C frequency is expected to be 0.514.
In the absence of selection against stop codons, the mutational scheme described above is equivalent to a JukesCantor model, with all substitution rates equal to one another, and identical stationary frequencies for all nucleotides. If stop codons are selected against, then the substitution regime remains homogeneous and reversible, because the unequal stationary distribution of residues, when multiplied by the unequal substitution rates, will be constant for every nondiagonal element in the substitution matrix. We examined the behavior of EvolSimulator in the presence and the absence of selection against stop codons, and under a range of mutation rates, to see if (a) convergence on the expected stationary distribution occurred, and (b) the expected substitution models could be recovered from sequences that diverged after stationarity was reached. Three starting distributions of amino acids were used: one where every starting residue was a lysine (coded by AAA and AAG), one composed exclusively of glycine (coded by GGA, GGC, GGG and GGT), and a third consisting of 50% K and 50% G. Supplementary Figure 4 shows the progression of G þ C content, with each simulation represented by a single lineage, chosen randomly from among those that persisted for the entire 1000 iterations of the simulation. All simulations showed a tendency to converge on the appropriate stationary distribution for sequences with or without selection against stop codons (51.3 and 50.0% genomic G þ C, respectively), with the rate of convergence proportional to the mutation rate. The simulations that began with equal numbers of G and K codons (not shown) both had an initial G þ C content of 50%, with convergence on 51.4% G þ C when stop codons were selected against. Also, when nucleotide frequencies converged on the appropriate stationary distribution, the frequencies of the encoded amino acids was equal to that amino acid's frequency in the codon table: for instance, the frequency of leucine residues was equal to 0.0938 (6/64) when all codons were equally fit, and 0.0984 (6/61) when stop codons were selected against.
We then examined the effect of allowing mutational biases to change over time during the simulation process. Cenancestral genomes were constructed with a mean G þ C content of 50%, then in separate simulations the G þ C bias was allowed to change by a maximum of either 0, 0.01, 0.1, 1, 10 or 100% after every ten iterations of the simulation. Supplementary Figure 5 shows the distribution of mean ORF G þ C content across 98 genomes after 1000 iterations of the simulation. The range of genomic G þ C compositions is smallest when the rate of drift was lowest (0.01%/10 generations). However, the maximum range of genomic G þ C was observed when the maximum rate of drift was 1%/10 generations; larger values of drift tended to yield a more homogeneous population. In these cases, the increased potential for acquisition of radical G þ C content bias (due to increased rates of drift) is offset by the high probability that the genome will quickly drift back to a lesser G þ C content bias. Since actual ORF G þ C content lags behind the genomic bias in a manner proportional to the mutation rate, genomes that undergo radical shifts in G þ C content bias will not spend enough iterations at the extremes for their composition to reflect the extreme bias.
Two sister genomes were chosen from the set of 98 to examine the effects of asymmetrical substitution regimes on sequence composition. The Bowker and Stuart tests produce p-values that reflect the extent to which sequence substitutions between the two genomes are symmetric (Ababneh et al., 2006) , with low p-values indicating unbalanced reciprocal substitutions between the genomes (e.g. A to G substitutions are not balanced by G to A). Supplementary Figure 6 shows the effect of different rates of G þ C bias drift on substitutional asymmetry: when the maximum rate of drift was 0 or 0.01%/10 generations, the median p-values obtained from comparisons of all orthologs between the pair of genomes was below the usual threshold of significance (a ¼ 0.05). Increasing values of drift yield dramatic increases in observed asymmetry, with peaks at 1 and 10%/10 generations. In most cases the median p-value is less for proteins than it is for DNA, which may reflect the greater robustness of amino acids to changes in G þ C composition due to interchangeability of residues in the third position of many codons.
Sequence substitution: selective pressure on amino acids and reference residues
The idea of a reference residue has an important influence on protein evolution. If this feature is included in a simulation, then the evolutionary process will not be Markovian because there will be some 'memory' of previous amino acid states. To illustrate the effects of reference residues, we carried out two parallel simulations involving a single lineage: in one case, the probability of setting the reference residue equal to the current residue was 1.0, yielding a Markov process. In the other, the probability of resetting the reference residue was set to 0.0, such that the original amino acid would always be the originating amino acid from which subsequent substitutions would be judged. Each run simulated the evolution of a single protein with a length of 1 000 000 amino acids, for 1000 generations, with an extremely high mutation rate (0.9) and no preference for purines/pyrimidines or strong/weak residues. Starting residue frequencies were equal to those used to generate the WAG matrix (Whelan and Goldman, 2001 ). Supplementary Figure 7 shows the final amino acid frequencies from these simulations: in the Markov process, the final distribution of each amino acid was within 1.0% of the frequency of its corresponding codons in the codon table (e.g. Alanine ¼ 4/61). Conversely, the final amino acid frequencies in the nonMarkovian simulation deviated in many cases from the underlying codon frequencies, due to the persistent influence of the original amino acids on subsequent substitutions at each site.
CONCLUSION
EvolSimulator permits many tailored analyses of gene and genome evolution. We have shown examples of how subsets of evolutionary phenomena can be considered in any particular simulation to address specific questions. For instance, if one is only interested in mutation and sequence substitution, then phenomena such as gene gain, loss and LGT can be inactivated. Replication allows the simulated evolution of sets of genes at different evolutionary rates or under different LGT regimes, while preserving the same organismal history. A common use of simulation techniques is in the validation of phylogenetic methods: while we have not examined this in depth here, Zhaxybayeva et al. (2006) provides a good illustration of this application. Many of the evolutionary phenomena implemented in EvolSimulator are still the subject of intensive research, and it is probable that some of the simple models here (such as gene family expansion and contraction) will be supplanted by moresophisticated approximations of these processes. For instance, the basic habitat/niche competition and adaptation model is useful for examining the role of habitat partitioning and selection in the spread of genes via LGT, but does not capture the continuous nature of many habitat parameters such as temperature and nutrient availability. Models where speciation and extinction rates can change independently of one another (Rabosky, 2006) or in response to innovation (Ree, 2005) are examples of ways in which the present speciation/extinction model could be modified. We have not yet attempted to include simulations of insertions and deletions, due to the complexity of generating a distribution for these phenomena (Pang et al., 2005; Stoye et al., 1998) , synchronizing this phenomenon with the rate of sequence substitution (Thorne et al., 1991) , and determining what specific sequence should be inserted when such a mutation occurs. Finally, Azad and Lawrence (2005) introduced methods to build simulated genomes that reflect biases in oligonucleotide composition such as codon models. Integration of these static models in an evolutionary context is a significant challenge, but would permit meaningful simulation-based comparisons of phylogenetic and 'parametric' or 'surrogate' (Ragan et al., 2006) methods. While these and other phenomena will allow more detailed evolutionary simulations, the current capacity of EvolSimulator to simulate gene-and genome-level processes permits a detailed examination of many key hypotheses in sequence and genome evolution, particularly concerning the role of lateral genetic transfer.
